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recognition and human-computer interaction. However, existing methods face challenges such as high hand
self-similarity and densely distributed keypoints, making it difficult to achieve high-precision predictions with
low computational costs, thereby limiting their performance in complex scenarios. To address these
challenges, this paper proposes a 2D hand pose estimation model named FAR-HandNet, based on the
YOLOvVS8 network. The model ingeniously integrates a focused linear attention module, a keypoint alignment
strategy, and a regression residual fitting module, effectively enhancing feature capture capabilities for small
target regions (e.g., hands) while mitigating the adverse effects of self-similarity on the localization accuracy
of hand keypoints. Additionally, the regression residual fitting module leverages a flow-based generative
model to fit the residual distribution of keypoints, significantly improving regression precision. Experiments
were conducted on the Carnegie Mellon University panorama dataset (CMU) and the FreiHAND dataset.
Results demonstrate that FAR-HandNet exhibits remarkable advantages in parameter size and computational
efficiency. Compared to existing methods, it achieves superior performance in the percentage of correct
keypoints under varying thresholds. Furthermore, the model achieves an inference time of only 32 ms.
Ablation studies further validate the effectiveness of each module, conclusively verifying the efficacy and
superiority of FAR-HandNet in hand pose estimation tasks.

Keywords hand pose estimation; attention mechanism; regression network
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Fig.1 FAR-HandNet overall network architecture
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Hd, Q®=N©,1); logLan Jghk 2 SR T

NEIRIRZ DR FF AT, WE R R s A
B E Q) fe KB & B R Z 0 A, HIFATE
%, MEETZN KA. HT P, @ AW
Py () 05, (A

logP, (x) =logQ (x) +10gG, (X) +logs (18)
Hrp, G, Al ) B oA s
ORT=RCIEEE: 35 U BT (O B s=oemm - I By
G, (%) AN P27 2 O AR )R 22 00 A, T 25
PAEr TR S0 A 5 o DA B 4 ) R B 8
e 2N/ I

L= —1ogPy,(x/D)|,—,,

=—logP, (i1,) +logo

= —logQ () —logG, (11;) —logs+logo  (19)

2% bR, ReFM Mg RAULSR AT T 11 1 245
AU BRI T Mo R H A RO [E 3
3, IRl I I A B 22 o A 3R AT TR TR A S0 B A
fliths

3.1 HE\ESZIWIME

AR SCAE R 3 A K 2 1 4 S T AR AR
(CMU) E 3 Af frd B g pe A Y i Byt
14 817 MFEAR, S REF A 5t TAE = 3k 10 1
B NI T 38 I BE AL AR 2R 4
811, Xt IR 5ok & At 48 o
NE R IR A SRR, A SCIRTE FreiHAND 4
A VPl T AR SO T R A A TR A . 125
EAE 4X32560 I ZREFEA R 3960 41K
FEA, WAFERRINSA 224 X224, I E T3

AL FEREAN 21 S OC8E U FRTE, 10 B0 9 & HE B
AR 5

SCUG T AF 0 R« Intel i & 19-14900K Ab
@5, G E M NVIDIA £ 51 1 4090 GPU &
DDR5 64 GB N 17 A1 2 TB [l A4 . S2i6 i 1F
Wr: #1E R4 N Ubantul8.04, %¢%% Anaconda
A1 PyTorch iR FE 7 S HEQE, % %E 15 5 A Python.
ARG 2 3 WA 0.001, BIEH 0.937, batch
size K/NA 64 (BEIKR 0 BE 32 MHEAS), SIEAR
RECN 300, FEAEH Adam optimizer FEAT AL .
fEHIER 0 HF %R 0.01 BIIEHE WML As ¥4
A T4 H R ZE R R A
3.2 THEERR

A SCHR) A IE B OC B 5 B2 (percentage of
correct keypoints, PCK) Vil 28 2 fily 1145 Y (1) P
At PCK Jy il 5% F i 5 F0 S OB R 1] (R BRI
FEEAT o NEIEE . DAMEAR L5 i AT o0
R PCK R0 R -

d<T )

. 1
PCK . =— 0
™D ZD: ( max (w, h)

Hordr, d REE S TN DG B RS S TA) B RR IS
PR oC) NIRIRRE  w Al h R REIE K
Ti: T NIRZERIE.

(20)

4 HER5118

B, AT CSPDarkNet-VT 5 F i
FRE$E BLES (U ResNet A1 EfficientNet), SZIG 4%
HFEW: CSPDarkNet-VT 7F S ¥ & it H 8% L
BA B, fE FreiHAND A1 CMU 354 I
(/N BARRHIE S IR TR, AR SR R A e
BT SRR R, RSOV T RELEER L
HIRIA B, eI AR, ARG A
(RN, BE AR+ 54548 Softmax VE & /1M I 1K
B, 1E/N BARK AT 55 PR IR AR, 3 — PR
T HAEFIESAG TR Bk, A0
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FAR-HandNet 55 2 Fl F# R A 0H 7 1E#T 17X
PLsae, RAHEE T [ E B 5 A TR s Al vk
REik®, HAEEEAEDERMRE: B&)E, @i
THELSZEG, AL T T FAR-HandNet 55 #E 5 )
TR, RSB RO S S R PR T T A )
RS, TR E SR [A] ) i [V P A 5 1 A
RPERE

g bRk, Asriid 2 AL KE T FAR-
HandNet 7€ F#& &bt H SR KEE /), NEE:
W ERAE T B E MBI SL S5 .
4.1 FHEREES

£ 2D FHEESM e, RRE S S
[ B A R Y R AR R B S BEE D . S A THIVP
ffi CSPDarkNet-VT [¥] % it , A 3C /£ CMU H
FreiHAND iX /5> HAT AR I i a4 b, K3
5401717 H) ResNet A1 EfficientNet 457 1iF #2 B 28
BEAT T VR LR T

S B E T, CSPDarkNet-VT I H &2
¥, W 1 s, CSPDarkNet-VT HIS &
N 3.04 M, 1M ResNet34 1S5 & &1k 23.79 M,
EfficientNetB1 Fll EfficientNetB2 [ 5 £ & 43 7 N
8.42 M H19.55 M. ZHEMAIK, HLAXS A7 ATt
SRR I T SRR, X6 7R SRR AZ BRI 13 4 B30
BEMAFEEZ . EEHEEEIRAXNRSR
e, A BR B AR R T SR RE 0 BRI T R Y 8
Fl, 1 CSPDarkNet-VT [k Z £ & 55 1 1 H g
B L i 3 X SRR

T AR R R AE SR AR R R ) —
ANE BRI . WP RUIZHBOKRE, CSPDarkNet-
VT FIFERIH A, HiZmusEH0N 8.7 G, Ik
FH AR AR, B CSPDarkNet-VT 7£ 40 P K 1%
W, Pt E D, A PR 8 SRR SR Y
£5%%. SRR s, sk AHAZH, R
TR T8 E S ORIE 2R Gt ST M 1 O

8 56 UIF 58 A e 11 33 = I LR A RS 1Y) S B
h, XSRS Softmax VEE 1 5 B ELMHIERE T

®1 SOEAHEREAFHERERE CMU
BB FRo Mt AE
Table 1 Performance of multiple state of the art models as

feature extractors on the CMU dataset

e SHEM  FRIBHAG  PCK/%

ResNet34 23.79 61.3 86.34
EfficientNetB1 8.42 10.1 87.09
EfficientNetB2 9.55 11.5 90.25
CSPDarkNet 3.39 9.7 88.33
CSPDarkNet+ Soft-Attention 3.26 9.4 92.16
CSPDarkNet-VT (Our) 3.04 8.7 92.18

WE: PCK N T=0.1 I HI1E

7E CMU FI FreiHAND %045 4 I (1) 14 88 40 ) ik 47
TR, R 1 fEk 2 s, J@id PCK 4
s ) 5 B e RGN A A 1 AT VAN, M T =01
i, CMU {4 % |, CSPDarkNet-VT ff] PCK
N 92.18%, FreiHAND % 4 £ L N 92.15%.
CSPDarkNet-VT 7 5 4 %48 4 1) PCK 378 &
= TF: CSPDarkNet+ Soft-Attention LA 4 1) %} Eb
A, H R+ 75 CSPDarkNet+ Soft-Attention
FHERIREE . WNSEERT Sis5HRE, RBEL
YR IR Bos TibEE, 185 T E
Ko (EREFEJTTH, CSPDarkNet-VT 3 {#EF 7 50
N Softmax yE & AT KA. 76/ B Frfa 4T
ZH, RBELHEEINHKRIE LA, Xn
SYUERA T CSPDarkNet-VT 7 /N H kR 45 1iF 32 By
F2 BANREFEENERISEIZIESE FreiHAND
IR FHOMEAE

Table 2 Performance of multiple state of the art models as

feature extractors on the FreiHAND dataset

e SHEM  FRIBHHG  PCK/%

ResNet34 23.79 61.3 85.97
EfficientNetB1 8.42 10.1 86.83
EfficientNetB2 9.55 11.5 90.13
CSPDarkNet 3.39 9.7 88.09
CSPDarkNet+ Soft-Attention 3.26 9.4 92.19
CSPDarkNet-VT (Our) 3.04 8.7 92.15

VE: PCK N T =0.1 I HI1E
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AR KRE ). TR RGPl E g T/ Hisie
W, THERA R T R A A T B O
CSPDarkNet-VT f¢ 5 A 25 Hb 4 92 350 1 40 715 k5
fiE, MMFEE 7O AUkl KRR 22, N e 22
LA THR AL T S AT SEM LA

zi EFTiR, CMU Ml FreiHAND %454 1)
L SEEG R W], CSPDarkNet-VT fES 3 & . i+5
R PCK fabr F¥RIMHE BB Fik,
CSPDarkNet-VT 7& —Fh 8 i& & 2D FHL 541
RS HIRFESR AR, iR m S AT A i 1 e
Sefit 7 ISR
4.2 Ftbidie

ANFERRZBET T, AXLECMU 25T
4 £ A1 FreiHAND % 35 48 I, ¥ FAR-
HandNet &8 5 HoAth JUAN A5 TH 753047 T 1
B, HiRnEk 3 5L 4 Prox. FAR-HandNet 75 %
MRS B IR A 4 s

fECMU # i S, 1 T=0.048, CPM
] PCK N 55.25%, NSRM-LDM-G1 A 59.20%,
NSRM-LPM-G1459.81%, RetinaHand} 60.12%,
CH-HandNet 4 61.13%, FAR-HandNet N 66.33%,
FAR-HandNet ‘& 2 = T HoAthoor G772, SRIHHAE
I R B fg T8 7 A RS I T O B N, X R
AL E T ERERE., M T =0.12K, CPM
) PCK A 88.80%, NSRM-LDM-GI N 89.81%,
NSRM-LPM-G1:490.26%, RetinaHand 490.74%,
CH-HandNet & 91.35%, FAR-HandNet} 93.79%,

FAR-HandNet [A] # 2 8 HAh 7% o 7EAN A 45
F, FAR-HandNet [{]°F-#) PCK tH £ L 0, ik
BT 84.66%, L 7 HAb T AT XTI, R
FAR-HandNet 7£ A~ [A] B {8 T ¥ fig 0/ 15 80 m A
MWAERR 2, BA R E R e e . 18
FreiHAND # #5 %5 ', 24 T= 0.04 I} , FAR-
HandNet [f] PCK [A] #f i T H A B Y, 24 7=
0.12 i}, FAR-HandNet ] PCK 4% 5t F I fih 75
%, UEH T HAEAS FEHE A T IS M RE .

i % EE A A AS [R]BE R PCK AT 3
PCK AJAl, fEF-HLAfhiHE% ', FAR-HandNet
RELE AN [RDRS B2 2 DR 4 50 e IO A MU v 7 232 o
&b, FEHEFERS E] J5 1, FAR-HandNet X #0145
6 FE B A4 75 32 ms, 5 At B A B
B TRRSETE, X¥ A ANLAE B3 s i se i v
TR TT %

43 JHRLSCIG

AAE CMU B4 s T30 5 B gk AT i b sk
B, PR AEACEMEANES R, W
5PN, {EJHASLEH, FAR-HandNet 18558
PRI, RSB S B AR T
M RETEEEH. S5EGEHKE YOLOVS 4
e, UMM ReFM RS ERET, #5704 ¥ °F 35 PCK $&
FET 6.05%. RrFM 53 5d i 68 1 =1 )= 36 =X,
AR AE AL P TR A THME S I, BETE4F
SE A B S SN N =R S o T P K e SN I = i
R BRI 3 B AR 22, T B TR Y 7 O

#z3 CMU HIFEE ExFtbsER

Table3 Comparison results on the CMU dataset

PCK/%

Jiik Feid/ms PCK/%
T=0.04 T=0.08 T=0.10 T=0.12

cpm” 131 55.25 81.45 86.73 88.80 78.06
NSRM-LDM-G1%! 81 59.20 83.54 87.46 89.81 80.00
NSRM-LPM-G1™! 83 59.81 84.16 87.96 90.26 80.55
RetinaHand"" 56 60.12 83.63 88.11 90.74 80.65
CH-HandNet™ 53 61.13 85.28 88.32 91.35 81.52
FAR-HandNet 32 66.33 86.34 92.18 93.79 84.66
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Table 4 Comparison results on the FreiHAND dataset

B PCK/% _
ik FEAS /ms PCK/%
T=0.04 T=0.08 T=0.10 T=0.12

cpm” 131 54.86 81.15 86.48 88.56 77.76
NSRM-LDM-G1%” 81 58.97 83.32 87.18 89.79 79.82
NSRM-LPM-G1% 83 59.63 84.03 87.69 90.15 80.38
RetinaHand"" 56 59.92 83.49 87.97 90.54 80.48
CH-HandNet™ 53 61.05 85.14 88.27 91.26 81.43
FAR-HandNet 32 66.28 86.29 92.15 93.74 84.62

(a) CMU ¥4

(b) FreiHAND ’éj@%
4 FAR-HandNet 7£ CMU F1 FreiHAND #iE& F &AM R~

Fig. 4 Example of pose estimation using FAR-HandNet on CMU and FreiRAND datasets

%5 FAR-HandNet fY&1ERMEEEDHT

Table 5 Performance analysis of each module in FAR-HandNet

PCK/% N
WaRiR FERT/ms PCK/%
T=0.04 T=0.08 T=0.10 T=0.12

YOLOv8-pose 64 58.59 79.37 85.77 86.31 77.51
RrFM 68 65.11 85.39 91.29 92.46 83.56
CSPDarkNet-VT 52 64.53 84.54 90.38 91.99 82.86
KPA 40 65.06 85.41 91.25 92.44 83.55
KPA+CSPDarkNet-VT 28 65.12 85.39 91.28 92.48 83.59
FAR-HandNet 32 66.33 86.34 92.18 93.79 84.66

AR b R v R . AN SCEERRAE SR I AR O AREA,  HOMURR R g BE T L A SE A AU IR BN
CSPDarkNet-VT B, “F#) PCKI2 & T 5.35%.  HAEREHE, SFREAEHIEIE I 0007, N5
CSPDarkNet-VT ZESHE M EMR FEGWE  BAM T ET . WSS e, #mie
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FHER I REARMERE . AN KPA BEHE, P33
PCK &7+ T 6.04%. KPA Feid it X b pii 25 [A]
KAFEHE BMLEAHE, fe T AR E A7
SR AT, P AR L AE Kb T B R AL e A
(RIRE 77, AT 2 42 TH AL I RS B2 . % KPA
L CSPDarkNet-VT 45 & i), “F# PCK#2 7+ T
6.08%. Xk — 5 W SCHE fUN 55 SR W8 R 2% 2 1
/N E bR XS RO, DL RS [ AR R TR i R AR
FHREF= A8 W3 3R . CSPDarkNet-VT $2EX 1)
PR REAE Y KPA HEHL I G 8 SO0 S R R SR A T
AP SE A, T KPA R H U 78 4 B I 2
fiE, HE—DO T OB S REAL, PIE A S
TR AE Kb B A /N B A X I PR REAS 31 TR
E$EFt. FAR-HandNet £ 7Y B4 T 1 SEAR e (1) 41
e, P PCK ik % 84.66%, LbJRIGH AT § 2%
WF, R T &P G R R A
MR

B IR EHE X L AT A1, RrFM. CSPDarkNet-
VT fl KPA %5 #% B fF FAR-HandNet £ % o 0 %
FEEBEEMEH, EN1& B8 M MR AL
PERE, ASEILERE R 2D TR S A R A 4R
CNEEPIFES P

22 FRTiR, CSPDarkNet-VT 1F HFEHEEL 2%
TEA A E s 48 BRI T HARAE AL, T FAR-
HandNet 75X b3 56 F1 ¥ fih SE 56 H 19 2o AR 5
(1) 1 B AR B 1 B B 1 . iX R B FAR-HandNet
FEW RS BRI, A8 SR £E 1) T30

S PSR
5 % #®

AR SCHE H ) FAR-HandNet #5828 5] X7 5 £5
LR IS, R 2 RERFLRL & SRSy K
AR, ITHHSEA R R RIRF AL 2, 353/
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Z AR R GG B G, WRFEREE
BAAER T 3505 AL 0 D i 5 A7 fE 6 A 11 52
It TR 1% . FAR-HandNet 8454 1 —
Rl B E U JE R ReFM, 3 5 970 2E O AL &
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P T LS PR . X R AR BB
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